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[Abstract]

This study proposes a technique for the determination of outlet blockage using deep learning in a conveyor
system. The proposed method aims to apply the best model to the actual process, where we train various
CNN models for the determination of outlet blockage using images collected by CCTV in an industrial scene.
We used the well-known CNN model such as VGGNet, ResNet, DenseNet and NASNet, and used 18,000
images collected by CCTV for model training and performance evaluation. As a experiment result with
various models, VGGNet showed the best performance with 99.03% accuracy and 29.05ms processing time,

and we confirmed that VGGNet is suitable for the determination of outlet blockage.
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I. Introduction
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II. Preliminaries

1. Overview of deep learning algorithm
F2{d(Deep Learning)> FA= QEA|s(Artificial
Intelligence, Al), A= t{Al2{d(Machine Learning,
ML)9] 3t Zefj= Ql5AI"d Y Artificial Neural Network,
ANN)Z o] -&3tHA tF% 2fo]o}E AREsto] 712 sa2

5k Fofolt.

daidol gjEAel v %o CNN(Convolutional
Neural Network)[6]2 1989 Y. LeCuno] ¥ #3t =57
(71014 A7HElQ, 1998 wraESh =2 (8JoflA] &34

2t AAS gt Al2e B AolekaiAl B Al
Al A

AdbR 0 2 CNN2 eHd Al&{(Convolution Layer)x}
£3 7I5{(Pooling Layer)9] ¥F=5 4142 o] 07l 25
2, 22 oJu|x] QlAlof] da] ARRE|Y Qlon, A Uil
2ol2 = VGGNet, ResNet, DenseNet, NASNet 50| 9}
t} 73 12 ONN Regle] ¢Hel% oAl LjEpdick

CARv
a [ Learnep reatures oo | TRUCK
= |FHERE .| ¢ .
RS- :
J
BICYCLE X

Fig. 1. Example Algorithm of CNN Model

1.1 VGGNet
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Fig. 2. Architecture of VGG Model
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Fig. 3. Residual Block and Skip Connection

1.3 DenseNet
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Fig. 4. Dense Block and Dense Connectivity
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III. The Proposed Scheme

1. Overview
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Fig. 5. Flowchart of Training CNN Models
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Fig. 6. Flowchart of Actual Process

2. Data collection
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Fig. 9. Blockage Dataset Examples
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Fig. 10. Dataset for Blockage Determination

3. Evaluation indicator
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Table 1. Confusion Matrix of Binary Classification

Predicted
Positive Negative
Positive True Positive | False Positive
Actual
Negative False Negative | True Negative
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Math Exp 1. Evaluation Indicator for Accuracy
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IV. Experiment

1. Performance evaluation
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1.1 Accuracy of each model
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Table 2. Confusion Matrix of VGGNet Model by Epochs

True label

VGGNet(25epoch)

Confusion Matrix

viocked @AYl 4

True label

VGGNet(50epoch)

Confusion Matrix

blocked 5

True label

unblocked 1 179 1 unblocked 1
9o \o"\&(5 0\09\&6 \oc\@é
Predicted label Predicted label
VGGNet(75epoch) VGGNet(100epoch)

Confusion Matrix

blocked IASIO] 2

1790

unblocked 2

Y Y
v\"d‘e @"dﬁ
o

Predicted label

True label

Confusion Matrix

plocked A 3

1790

unblocked 2

1y Py
‘3\0"\‘e v\)\OC‘e
ot

Predicted label

Table 3. Confusion Matrix of ResNet Model by Epochs
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Table 4. Confusion Matrix of DenseNet Model by Epochs

True label

DenseNet(25epoch)

Confusion Matrix

blocked NASHA 5

True label

DenseNet(50epoch)

Confusion Matrix

blocked IASIO] 2

True label

unblocked 2 1790 unblocked 2 1790
S & 3 S
v\oc\@ o v\oc\@ o“v\ogx@
Predicted label Predicted label
DenseNet(75epoch) DenseNet(100epoch)

Confusion Matrix

blocked IWASIOl 2

unblocked 1 7 90

& S
@"dﬁ v\°e@
o

Predicted label

True label

Confusion Matrix

plocked IWASIO] 2

1790

unblocked 2

S S
0\0('\@ ‘0\0('\&

Predicted label




16 Journal of The Korea Society of Computer and Information

Table 5. Confusion Matrix of NASNet Model by Epochs
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Table 6. Confusion Matrix of Each Model at same Epoch

VGGNet(75epoch)

Confusion Matrix
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1.2 Processing time of each model

72 75epoch ©, 7} WHEE A AJ7kg Bluet
Tolck. Alghe & 3,00049] HIAE Jifo 2 AR
Holgion, wed A2 Alzie] vl A A o
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Table 7. Average Process Time of Each Model at
Same Epoch

VGGNet(75epoch)
1's process time: 2.31518722
3000 's process time: 0.02847767
total data's process time: 89.45301342
average process time: 0.02981048
average process time without 1's: 0.02904843
ResNet(75epoch)
1 's process time: 3.09930587
3000 's process time: 0.03230858
total data's process time: 97.89394140
average process time: 0.03262345
average process time without 1's: 0.03160088
DenseNet(75epoch)
1's process time: 448144746
3000 's process time: 0.03757048
total data's process time: 113.02252245
average process time: 0.03766639
average process time without 1's: 0.03618464
NASNet(75epoch)
1 's process time: 741918182
3000 's process time: 0.04364610
total data's process time: 136.33688521
average process time: 0.04543749
average process time without 1's: 0.04297875

2. Summary
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VT 2,.999= Mot AR = BHAREE 71EoR
sloict. ol 28e), & =2olA Aletet vjE T o Wk
A 2Ello]] VGGNetOl o 29s vo 02}394 A AR
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Table 8. Model Evaluation
and Process Time

in terms of Accuracy

Model name E.val.uatlon Value Rank
indicator
Accuracy 99.89% 1
VGGNet
Processing Time 29.05ms 1
Accuracy 97.10% 3
ResNet
Processing Time 31.60ms 2
Accuracy 99.89% 1
DenseNet
Processing Time 36.18ms 3
Accuracy 99.83% 2
NASNet
Processing Time 42.98ms 4

V. Conclusions
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